Parallel factor analysis (PARAFAC) has facilitated an explosion in research connecting the fluorescence properties of dissolved organic matter (DOM) to its functions and biogeochemical cycling in natural and engineered systems. However, the validation of robust PARAFAC models using split-half analysis requires an oft unrealistically large number (hundreds to thousands) of excitation-emission matrices (EEMs), and models with too few components may not adequately describe differences between DOM. This study used self-organizing maps (SOM) and comparing changes in residuals with the effects of adding components to estimate the number of PARAFAC components in DOM from two data sets: MS (110 EEMs from nine leaf leachates and headwaters) and LR (64 EEMs from the Lena River). Clustering by SOM demonstrated that peaks clearly persisted in model residuals after validation by split-half analysis. Plotting the changes to residuals was an effective method for visualizing the removal of fluorophore-like fluorescence caused by increasing the number of PARAFAC components. Extracting additional PARAFAC components via residuals analysis increased the proportion of correctly identified size-fractionated leaf leachates from 56.0 AE 0.8 to 75.2 AE 0.9%, and from 51.7 AE 1.4 to 92.9 AE 0.0% for whole leachates. Model overfitting was assessed by considering the correlations between components, and their distributions amongst samples. Advanced residuals analysis improved the ability of PARAFAC to resolve the variation in DOM fluorescence, and presents an enhanced validation approach for assessing the number of components that can be used to supplement the potentially misleading results of split-half analysis.
Introduction
Dissolved organic matter (DOM) is a complex, heterogeneous, and polymorphous system of interacting molecules that is found in all aquatic environments. DOM has many important functions in natural and engineered systems, such as: providing shelter, energy, and nutrients for microbes; 1-3 regulating the mobility and toxicity of heavy metals and other pollutants; [4] [5] [6] and generating carcinogenic disinfection by-products during water purification. [7] [8] [9] Fluorescence excitation-emission matrices (EEMs) are produced by aligning fluorescence emission scans measured at several excitation wavelengths. 10 Parallel factor (PARAFAC) analysis models the variation in fluorescence across a set of EEMs by minimizing the least-squares error in a tri-linear regression of correlated excitationemission (Ex/Em) pairs. 11, 12 The output of the PARAFAC algorithm is thus a set of factors (i.e., components) and corresponding loadings that represent the observed fluorescence patterns in a set of EEMs. Despite uncertainty about the molecules and interactions that produce fluorescence in DOM, 13, 14 PARAFAC has been useful for characterizing DOM by end member and tree species, 15, 16 tracing it through ecosystems and ecosystem processes, 17, 18 and assessing its functional effectiveness in natural and engineered systems. 3, 6, 8, 9 The detection of components in PARAFAC relies upon correlations between Ex/Em pairs, which require consistent relationships through a large portion of a data set. The structure of components modelled by PARAFAC can therefore be confounded by sample sets that are not large enough to describe the variation in fluorescence signatures when the data set is split into parts for split-half analysis. For example, if fluorophores exist in only few samples in a set of EEMs (e.g., leaf leachates 16, 19 ) or if DOM is exposed to treatment along a gradient that causes incremental changes in fluorescence (e.g., size fractionation 14, [20] [21] [22] ), then the PARAFAC models generated from split halves will likely contain components with slightly different fluorescence spectra. Such differences may prevent validation using split-half analysis, the success of which in turn requires the exclusion of samples with distinct spectra as ''outliers'' for the sake of building a coherent model. 12 Further, a PARAFAC model of these EEMs that is successfully validated using split-half analysis is likely to account for this inconsistent variation by incorporating several constituents into a single component. This is particularly likely for humic-like components, since there is evidence that their fluorescence signature arises from chargetransfer interactions, which can cause the same fluorophore to manifest a slightly different fluorescence signature when the identity of proximate molecules is altered by, for example, conformational changes. 13, 14 Such under-specification of PARAFAC models can lead to inconsistencies in the behavior of components both within and across experiments. The combination of correlation-dependent factor identity and acceptance based on split-half analysis thus places severe limitations on the differences that can be detected between EEMs of DOM with disparate fluorescence properties, and those collected over experimentally controlled gradients, potentially leading to erroneous conclusions about the behavior and identity of fluorescent components. While another more developed PARAFAC model could be applied to EEMs from new DOM samples, it has been found that such application is less sensitive to differences in fluorescence signatures than is a newly developed PARAFAC model. 23 Further, such application has produced several residual components that were not welldescribed using the pre-existing model. 19 The limits of split-half analysis for validating the number of PARAFAC components in DOM have been previously recognized, wherein it was noted that the analysis of residuals plays a key role in validation. 11, 12 The assessment of patterns in residuals is a vital step for determining the quality of all linear models, and has also been suggested for use with PARAFAC. 24 However, no rigorous method of residuals analysis exists for DOM researchers. The current study fills this gap by using self-organizing maps 25 (SOM) and the changes in residuals between PARAFAC models to assess patterns in model residuals, allowing a more refined estimation of the number of PARAFAC components. Machine learning methods are applied to model outputs to compare the amount of relevant information provided by extending the number of components beyond that validated using split-half analysis.
Materials and Methods

Data Sets and Instrumental Analysis
Two sets of EEMs with disparate properties were used to illustrate a range of modeling conditions. Detailed data characteristics are shown in Table 1 . The multisource (MS) data set consisted of 110 distinct EEMs collected from nine different tree species and headwaters, including: six leaf leachates (overwintered silver maple, senescent red maple, senescent reed canarygrass, senescent silver maple, senescent tamarack/larch, and senescent white spruce) and three freshwaters collected during spring freshet (coniferous-dominated, deciduous-dominated, and wetland). 3 3 Samples were size-fractionated using online asymmetrical flow field-flow fractionation coupled to UV-Vis diode array and fluorescence detectors. 26 The methods used to produce and fractionate the leachates are detailed in earlier studies, wherein it was found that the optical properties of both size fractions and leaf species were markedly different. 16, 20, 21 EEMs of whole samples were also measured. The Lena River (LR) data set consisted of 64 whole DOM samples collected along the Lena River (Russia) and its tributaries shortly after spring melt in 2011 and 2012. Samples were filtered on site (pre-combusted 0.7 lm GFF) before being sealed in acid-washed, 250 mL HDPE containers, wrapped with Parafilm, and shipped to Canada for measurement. Samples were not kept cool during shipping, and 1-2 months elapsed between sample collection and measurement; hence, microbial processing likely depleted sample-specific signatures. It is expected that the relative variation in optical properties is lower for the potentially degraded, riverine DOM (LR data set) compared to the mixture of fresh leaf leachates and headwaters measured at several size fractions (MS data set).
All samples were diluted below 0.01 AU prior to measuring fluorescence to minimize inner-filtering effects. 27 All EEMs were measured over Ex/Em wavelength ranges of 200-450/280-600 nm in increments of 1 nm/5 nm using an Agilent 1100 series fluorescence detector. Wavelengths were calibrated following the manufacturer-recommended procedure, and EEMs were measured in ratio (S/R) mode. Blank EEMs of carrier fluid (for size fractions) and ultrapure Milli-Q water (MQW; for whole DOM samples) were measured on each day of analysis, and subtracted from sample EEMs. The area under the Raman water peak of blank EEMs at Ex ¼ 350 nm was used to standardize fluorescence intensity to Raman units. 28 
Preprocessing and PARAFAC Model Parameters
PARAFAC was applied in Matlab R2010a using the drEEM package. 12 Noise was trimmed from the edges of all EEMs by removing Ex wavelengths <230 nm and >430 nm, and all Em wavelengths >550 nm. First-and second-order scatter was removed without interpolation. EEM intensities were normalized to unit norm. 12 Two outliers were removed from the LR data set due to aberrant fluorescence, but no outliers were removed from the MS data set despite clusters with high leverage. The high-leverage clusters were associated with samples that had very high and low loadings on some components, and corresponded with DOM leached from different tree species, and measurements at the extremes of molecular weight. This affirmed the assumption of higher DOM heterogeneity in the MS data set.
The MS and LR data sets were modeled with non-negativity constraints for n ¼ 3-11 components. The convergence criterion for all models was set to 10 À8 , and all models converged. 12 To ensure that a robust model was chosen, models of both data sets were produced 10 times from random starting conditions for each value of n, and the one with the lowest sum of squares error (SSE) was used. 11, 12 Despite minor fluctuations, the SSE was similar for all 10 models. Models were validated using sixfold splithalf analysis (S 4 C 6 T 3 ). 12 The change in percentage of total variation explained by adding a component to a model was calculated by subtracting amount explained using n components from that explained using nþ1 components, and plotted against the number of components in a scree plot. 24 
Self-Organizing Maps and Machine Learning
The overall average residuals for each PARAFAC model and the residuals averaged by tree species or headwater (MS data set only) were calculated by altering the EvalModel command to output and average the model residuals. 11 Changes in the residuals were calculated by subtracting the residuals of models with nþ1 components from those with n components.
Kohonen's self-organizing maps 25 (SOM) were used to detect patterns in the residuals of PARAFAC models. SOM are dual layer (input and output) artificial neural networks that were originally developed for pattern recognition in artificial intelligence research. SOM have been applied to the residuals of linear models for predicting faults in aircraft engines, 29 and for pattern detection in EEMs, 21,30-34 aquatic systems, 35, 36 and ecology-toxicology. 37, 38 SOM were applied both to the residuals and factor loadings (i.e., Fmax) from PARAFAC models in order to assess: (1) patterns in the residuals and their relationship with DOM from different tree species; (2) the relative differentiability of DOM by tree species/headwater; and (3) model overfitting by comparing the distributions of component loadings. Residuals and loadings were both scaled to constant variance, and each EEM of residuals was standardized on the interval (0, 1) to focus on remaining fluorescence peaks. The methods used to determine map size, initialize the model vectors of map neurons, and ensure optimal fitting are discussed in the supplementary information.
To assess changes in the amount of useful information provided by different PARAFAC models of the MS data set, PARAFAC-modeled samples were classified by species/ headwater by applying the k-nearest neighbors algorithm in Weka (v.3.6.11; University of Waikato, NZ). Each PARAFAC loading was transformed into the proportion of total fluorescence by dividing its Fmax value by the sum of all Fmax values within its respective EEM. Fluorescence compositions were transformed to the real number line using the centered log-ratio transformation. 39 Parameter settings for the k-nearest neighbor algorithm are discussed in the supplementary information.
Results and Discussion
PARAFAC Models, Component Spectra, and Scree Plot
For both the MS and LR data sets, only three PARAFAC components could be validated by split-half analysis explaining 88.9% and 98.6% of total variation, respectively. Sevencomponent models were validated in one of three splits for both data sets; however, the spectra of two components were very similar for the seven-component model of the LR data set, suggesting potential overfitting. 12 In the MS data set, six samples measured at the highest molecular weights for three tree species (senescent red and sugar maple, white spruce, and reed canarygrass) had loadings of zero on all components in the three and four component models. The lack of loadings for all components suggests that the fluorescence of DOM was below the detection limit, so that variation in fluorescence was primarily attributed to noise. Five samples had loadings of all zeros in the PARAFAC models with five to 12 components. Since the noise in these EEMs was not modeled as any component by the PARAFAC algorithm, it is unlikely that the modeled PARAFAC components contained worrisome levels of noise.
The spectra of most PARAFAC components were typical of those reported for DOM, including multiple proteinpolyphenol-like, fulvic-like, and humic-like varieties (Figs. 1 and S1-6, S10-13). However, the LR data set models with eight to 11 components contained one recurring component with two excitation maxima at 235 and 260 nm, with two corresponding Em maxima at 350 and 430 nm (Fig.  S15 ). The eight to 11 component models of the LR data set were therefore discarded, since chemically meaningful peaks do not exhibit dual emission maxima. 12, 27 The 11 component model of the MS data set was also discarded, owing to a similar component with one excitation maximum (255 nm) and two or three emission maxima (approximately 310, 335, and 380 nm; Fig. S9 ).
In models of the MS data set with six or more components, the spectra of some components were slightly distorted (e.g., departure from sphericity, wrinkled edges), which is usually considered as a sign that noise has been included (Figs. S4-S8). Noise is generally undesirable; however, the nature of the phenomena being described by changes in fluorescence throughout the samples should be considered before such components are discarded. In this case the DOM samples were collected along gradients of concentration (i.e., full and size-fractionated EEMs), sizes (range, 0.31-28 kDa), and tree species/headwaters, all of which demonstrate shifts in the location of peak maxima that may be associated with changing electronic interactions, particularly in regions associated with humic-like material. 14, 16, 21 It is therefore reasonable to expect that peak locations may shift slightly from sample to sample, causing distorted edges in the associated component. If many samples do not contain a particular peak, then the inclusion of some noise is acceptable as model dimensionality increases. This type of noise is expected because the component is modeled using correlations found between Ex/Em pairs through all EEMs, and will therefore likely incorporate noise from correlations in EEMs for which the underlying fluorescent group (or ''fluorophore'') is absent, minimally expressed, or fluoresces in a slightly different position. For example, if 11 EEMs from the same tree species in the MS data set (110 EEMs total) contain a unique fluorophore, then the associated region of fluorescence will contain only noise or the spectra of components that overlap the region for 90% of the EEMs. Hence, a component defined to explain the variation in Ex/Em pairs across all of the EEMs will contain substantial noise, and consequently may not be smooth and spherical. This is especially relevant for size fractions associated with higher molecular weights, since many of these were measured at low concentrations where the signal-to-noise ratio is lower. Further, higher molecular weight fractions tend to contain a larger proportion of humic-like material in leaf leachates, 20, 21 so that the Ex/Em ranges of the underlying fluorescent groups (or fluorophores) is likely inconsistent across samples due to slight shifts caused by different structures combined with pervasive charge-transfer interactions. 14 Some evidence of noise should therefore be tolerated in components, especially those that explain fluorescence in the humic-like region (Em > 400 nm).
If newly added components are primarily noise, then the amount of variance explained will approach a constant value (i.e., the noise level) as the number of components is increased. Although it does not provide a conclusive answer as to the correct number of components, this phenomenon can be detected by plotting the percentage of total variation explained by each component (i.e., a ''scree plot''). 24 A ''flattening out'' of the scree plot typical of noise was evident in the 7-11C and 8-11C models of the MS and LR data set, respectively (Fig. S16) . The smooth scree plot for the LR data set suggests that six to seven components are adequate for explaining the observed variation. Given that the scree plot for the MS data set begins to level off at six to seven components, it may be prudent to stop at this level; however, the large amount of known variation and distorted shape of the scree plot (especially for five and nine components) suggests that eight to nine components should also be investigated.
Overfitted PARAFAC models may also contain redundant, highly-correlated components, which can be assessed using the core consistency diagnostic. 40, 41 Although it is suspected that the core consistency diagnostic may under-fit PARAFAC models of DOM, 12 it may be useful for detecting exceptional correlations between components. In particular, the core consistency diagnostic should become ''seriously negative'' if highly correlated components are present. 42 In this study the core consistency decreased steadily with increasing numbers of components, and oscillated around zero for the 10 to 11 component and nine to 11 component models in the MS and LR data sets, respectively, giving no clear indication for the point at which overfitting occurs (data not shown).
Visual Inspection of Residuals
In the overall mean residuals of the MS dataset, residual fluorescence was evident in regions corresponding to humic-, fulvic-, and protein-like peaks, but peak shape was poorly defined (Fig. 2a ). On the other hand, the spectra of peaks in the residuals were well defined in plots of the corresponding changes to overall residuals or "R plots (Fig. 2b) . The "R plots illustrated the fluorescence that was removed (positive values) and restored (negative values) from the residuals by the transition to models with more components (e.g., "R 3-4C ¼ average residuals from three-component PARAFAC model-average residuals from the four-component PARAFAC model). Peak shapes were easier to discern in "R plots because they were not smoothed by including noise/values near zero from EEMs that did not contain residual fluorescence at these Ex/Em pairs (i.e., "R & 0 for EEMs in which adding a component had a negligible impact).
The "R plots also displayed the impact of adding a PARAFAC component, which is not always clear from the spectra of the components. For example, the major visual differences between components in the three-and fourcomponent model involved adding a component with maximum Ex/Em ¼ 325/445 nm and decreasing the loading on one (Ex/Em ¼ 320/410) of two peaks in another component, resulting in very different values for the variance explained by two-thirds of the original components (Figs. S1, S2). This resulted in adjustments to three distinct peaks in the in the plot of "R 3-4C , with Ex/Em maxima near 260/400, 260/500, and 320/450 nm (Fig. 2b, upper panel) , which corresponded with the poorly delineated fluorescence evident in the mean residuals ( Fig. 2a, upper panel) . Thus, "R plots allow judgements to be made about the spectral shape of the fluorescence modeled by an added component, providing another means by which to judge model appropriateness: if adding a component results in adjustments to chemically meaningful fluorescence (i.e., not scattered ''noise''), and removes peaks that are evident in residuals, then the major features of "R plots should resemble one or more symmetric peak.
It is recommended that the residuals of each DOM sample are viewed to assess the existence of persistent patterns during refinement of the PARAFAC model. 11, 12 However, it can be difficult to see systematic evidence of fluorophores remaining in the residuals when the plots are viewed a few at a time, particularly when the number of EEMs is large and the affected samples are not grouped together. On the other hand, "R plots enable the visualization of changes to residuals that are caused by adding a component to the PARAFAC model. When peak-like spectral features are the dominant source of variation in residuals, changes to the residuals caused by adding a component (e.g., 3C model -4C model) should be primarily positive (denoting the removal of additional fluorescence rather than simply shifting peak locations) and peak-like (i.e., symmetric, non-random). This was highlighted by the variable structure of the MS data set, because of the species-specific nature of fluorescence in the DOM of leaf leachates. 16 For example, the protein/polyphenol-like peak remaining in the mean residuals of Tamarack leachates for the four-component PARAFAC model (Fig. 2c ) was not readily apparent in the overall mean residuals of the fourcomponent model (Fig. 2a) ; however, this peak was highlighted in the plot of "R 4-5C (Fig. 2b) , and was consequently absent from the mean residuals of Tamarack leachates in the five-component PARAFAC model (Fig. 2c) . A proteinpolyphenol-like peak persisted in the mean residuals of the overwintered silver maple leachates, requiring nine PARAFAC components for adequate removal (e.g., see Fig. 2b, lower residuals after the ninth component was removed.
Although some fluorescence was evident along the scatter line in the mean residuals ( Fig. 2a, lower panel) , this was not considered chemically meaningful since this region is frequently associated with noise caused by incomplete scatter removal. 12 In PARAFAC models of the LR data set, "R plots evidenced changes that were primarily associated with a single peak, but also described complex refinements to the loadings of several components (Fig. 3) . This is likely because peaks were more evenly distributed among the samples and the components remaining in the residuals explained a lesser amount of total variance, so that they were closer to the noise level (Fig. S16 ). This effect was especially pronounced during the transition between the four-and five-component PARAFAC models, where the splitting of a broad humic-like peak with Ex/Em ¼ 235/ 425 nm into two humic-like peaks (Ex/Em ¼ 235/430, 235/410 nm; Figs. S11 and S12) primarily affected the loadings of apparently disconnected protein-and humic-like fluorescence (Ex/Em ¼ <230(275)/360, approximately 275/510, and 345/440 nm; Fig. 3b ). The majority of the chemically meaningful fluorescence was removed in the six-component model of the LR data set (lower panels of Fig. 3 ), and fluorescence in the "R 6-7C plot was primarily associated with small peaks near the diagonal of the removed scatter (data not shown). Thus, the direct inspection of residuals suggests that the LR data set is adequately described by six PARAFAC components.
Pattern Detection in Residuals
Using the SOM, the residuals of the three-component PARAFAC models were organized into groups with similar residual EEMs. Thus, any patterns that are evident in the EEMs of the SOM map nodes (''neuron EEMs'') reflect the dominant patterns in the residuals from the MS and LR data sets ( Fig. 4a and b ). Neuron EEMs are shown for the nodes in the map corners and centers to demonstrate the range of patterns, since neurons on opposite edges-corners of the map differ the greatest (SOM nodes are numbered from top to bottom, and left to right). Thus, neuron EEMs from map corners demonstrate the range of fluorescence characteristics that are most useful for distinguishing samples based on the patterns that remain in the residuals, while the EEMs from the map center indicate more average features. The neuron EEMs from the residuals of the threecomponent model of the MS data set contained three distinct protein-like peaks (neurons N3, N33, and N40), one humic-like peak (N1), and a large band of humic-fulvic-like fluorescence (N8; Fig. 4a ). These EEMs were primarily associated with the same peaks and tree species as in "R plots (Fig. 2b) . For example, the mean residuals from the Tamarack leachates (STL) contained peaks near Ex/Em ¼ 235/315, 255/380, and 315/430 nm (upper panel, Fig. 2c ). Consequently, Tamarack leachates were primarily associated with map node/neuron three in the converged SOM (dark blue circle, Fig. 5a ) and its corresponding neuron EEM contained fluorescence in these regions (N3, Fig. 4a ). Further, the neuron EEMs for node one (upper lefthand corner) and node eight (lower left-hand corner) contained subsets of these peaks, so that the Tamarack leachates were placed in the first column of the SOM map. The EEM of neuron 40 (Fig. 4a) was dominated by the proteinlike peak that remained in the residuals of the eight-component model for the overwintered silver maple leachates ( Fig. 2d ). Fittingly, residual EEMs from overwintered silver maple leachates were most associated with neuron 40, in the lower right-hand corner of the SOM (Fig. 5a ). It is clear that important information remained in the residuals of the three-component model, particularly given that the organization of EEMs by tree species was better in the SOM of the residuals from the three-component PARAFAC model than in the SOM of the component loadings ( Fig. 5a and b ). Neuron EEMs for the SOM of residuals from the ninecomponent PARAFAC model of the MS data set were dominated by noise and fluorescence near the area where scatter was removed ( Fig. 4c) , demonstrating that no chemically meaningful fluorescence could be isolated. Coupled with the "R plots (Fig. 2b) and plots of mean residuals by tree species (Fig. 2c and d) , this suggests that systematic fluorescence in the MS data set is completely described using a nine-component PARAFAC model.
Patterns in the neuron EEMs of the residuals from the three-component PARAFAC model of the LR data set also resembled the peaks evident in "R plots and plots of mean residuals ( Figs. 3 and 4b) . These patterns were removed by the addition of PARAFAC components, but a few peak-like features remained in the residuals of the six-component model (Fig. 4d ). However, several features were also evident along the edge of the region that was removed as scatter, which were the dominant features removed by the seven-component PARAFAC model (data not shown). Consequently, to avoid the potential inclusion of noise the PARAFAC model of the LR data set could not be extended beyond six components.
Assessing Overfitting and Comparing Models
If the PARAFAC model was overfitted, then one or more components would contain significant noise. Such superfluous components would not contribute to the differentiation of samples because they would be distributed quasievenly. Hence, the clustering of EEMs by tree species and corresponding distributions of component loadings (Fmax) on the converged SOM of the nine-component PARAFAC model were used to assess noise levels and the likelihood of overfitting ( Fig. 6 ). Relatively high loadings on C1, C4, C6, and C7 served to distinguish headwaters and leachates dominated by fulvic-and humic-like fluorescence ( Fig. 1 ) from the leachates of needles, red maple, and sugar maple, which were dominated by protein/polyphenollike C2 and C5, microbial humic-like C3, and humic-like C9. Loadings on these eight components also distinguished tree species and headwaters within these humic-and protein/ polyphenol-dominated groups. For example, C1 and C7 were higher for the headwaters, while over-wintered silver maple had relatively high loadings on C4 and C6, but low loadings on C7. Relatively low levels of C2 and high C5 distinguished senescent sugar maple from tamarack and white spruce, while levels of humic-like C9 were much higher in spruce compared to tamarack. High levels of microbial humic-like C3 characterized the leachates of senescent red maple leaves. Loadings on protein-polyphenollike C8 were very high for overwintered silver maple, medial for senescent sugar maple, and lower for all other samples. Thus, each component served to distinguish samples, was not highly correlated with other components, and was not randomly distributed. Thus, it is unlikely that the nine-component PARAFAC model was overfitted.
The larger size fractions of all samples were clustered in the center of the map owing to the relatively large proportion of humic-like fluorescence and less DOM, making them less distinct by tree species or headwater (sizes shown in Cuss and Guéguen 21 ). For example, protein-polyphenollike C2, C5, and C8 were virtually absent from the larger size fractions of the humic-fulvic-dominated samples in the center of the map, while C1 and C4 were present at medial levels. Differences in the concentration of DOM in different size fractions thus limited the extent to which samples could be distinguished by species/headwater.
To assess the value of using residuals analysis to extract all pertinent spectral information, the converged SOM and corresponding component distributions were compared for the PARAFAC model of the MS data set validated by split-half analysis (three components; Fig. 5b ) and by advanced residuals analysis (nine components; Fig. 6b ). Although the humic-fulvic-dominated and protein/polyphenoldominated samples were mostly clustered in opposite corners of the map for the three-component model (i.e., upper left versus lower right; Fig. 5b ), they were much easier to distinguish in the nine-component model (Fig. 6b) . Differences in differentiability between the two models were quantified by comparing the proportions of both size-fractionated and whole-sample EEMs that were correctly classified by the k-nearest neighbor algorithm. The three-component model facilitated correct classification of 56.0 AE 0.8 and 51.7 AE 1.4% of the size-fractionated and whole-sample EEMs, respectively, while the ninecomponent model correctly classified 75.2 AE 0.9 and 92.9 AE 0.0%, respectively. This large difference is likely because the three-component model was limited to explaining differences using only components that were present in the majority of samples. Obviously, this can place serious limitations on differentiation in data sets that contain distinct fluorophores. Finally, the extent of this limitation is underscored by comparing the converged SOM for the three-component model loadings (Fig. 5b) to that of the three-component model residuals (Fig. 5a ), from which it is clear that the residuals of the three-component PARAFAC model describe the sample-specific nature of the samples better than the PARAFAC model itself. This finding stresses the fact that useful information can be lost by relying upon split-half analysis for validating the number of PARAFAC components in models of DOM fluorescence, and emphasizes the importance of using other diagnostics such as advanced residuals analysis to enhance the number of components.
Extrapolating the number of PARAFAC components beyond what is validated by split-half analysis should be undertaken with caution. This study has demonstrated how the rigorous analysis of PARAFAC models and their residuals can be used to develop a fine-grained description of DOM fluorescence in sets of EEMs with disparate fluorescence properties. This careful analysis relied upon five major indicators to extend the PARAFAC model: (1) scree plot evidencing increases in variance explained by adding components; (2) confirmation that the spectra of additional components were fluorescent peaks and not dominated by noise; (3) "R plots to ensure that the change in residuals reflected a fluorescence peak when a component was added; (4) examination of average residuals plots for collections of samples from distinct species, and comparing components added to the impact on residuals (i.e., "R plots); and (5) methods for unsupervised pattern recognition in residuals and PARAFAC component loadings (i.e., SOM) to assess the amount of information/fluorescence peaks that remain in residuals ( Fig. 7) . Importantly, the amount of useful information contained in residuals could be compared with that in the PARAFAC model using SOM and k-means clustering owing to the inclusion of several sample types with disparate fluorescence properties (i.e., leaf leachates).
Conclusion
Parallel factor analysis is the dominant method for decomposing the complex fluorescence EEM spectra of dissolved organic matter because it is relatively simple to apply, well developed, and applies a standardized approach for extracting chemically meaningful signals. Accordingly, splithalf analysis is the primary method for validating PARAFAC models because it provides robust protection from overfitting. However, this study has demonstrated that validation may miss important information in data sets that contain DOM with disparate fluorescence properties. It has also been demonstrated that such information loss may inadequately represent the distinctiveness of different DOM, which is one of the principal applications for both PARAFAC and DOM research generally. Hence, methods that supplement split-half analysis are desirable. However, caution is advised when extending PARAFAC models beyond the number of components suggested by split-half analysis. This study has demonstrated several methods by which additional components can be evaluated for their value and validity. We hope that this study will assist researchers in studying the biogeochemical cycling of DOM by facilitating the development of high resolution PARAFAC models. collection of headwater samples. The helpful comments of two anonymous reviewers are greatly appreciated. 
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